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Abstract— A better understanding of the composition of 
rumen microbial communities and the association between host 
genetic and microbial activities has important applications and 
implication in bioscience. Being capable of revealing the full 
extent of microbial gene diversity, metagenomics-based 
approaches hold great promises in this endeavor. This study 
investigates the rumen microbial community in cattle through 
the integration of metagenomic and network-based approaches. 
Based on the relative abundance of 1570 microbial genes 
identified in a metagenomics analysis, the co-abundance 
network was constructed and functional modules of microbial 
genes were identified. One of the main contributions of this 
study is to develop a random matrix theory-based approach to 
automatically determine the correlation threshold used to 
construct the co-abundance network. It has been shown that the 
network exhibits a highly modular structure with each of the 
three main modules well separated. The involvement of KEGG 
pathways in each module was analysed. A close look at the 
abundance profiles highlights that Module B is strongly 
associated with methane emissions while Module C is highly 
enriched with microbial genes associated with feed conversion 
efficiency. 
Keywords—rumen microbial community, metagenomics, 
network-based approaches, random matrix theory 
I.  INTRODUCTION 
As one of the most complicated anaerobic microbial 
ecosystems in nature [1], the rumen provides an environment 
with stable and favorable physiological conditions for 
microbial growth and fermentation. It harbors a highly diverse 
microbial community predominantly consisting of bacteria, 
archaea, protozoa and fungi. These rumen microbes living in a 
symbiotic manner break down ingested feed constituents to 
produce primarily volatile fatty acids and bacterial protein that 
are major nutrient sources for the host animal and used in its 
energy metabolism and protein synthesis [2], [3]. 
While being capable of harvesting energy from otherwise 
indigestible food components, the rumen microbes are also 
responsible for the production of the highly potent greenhouse 
gas methane and nitrogen-rich wastes causing not only the 
loss of feed gross energy but also contributing to the 
greenhouse gas effect and global warming [1], [4], [5]. Thus a 
better understanding of the composition of rumen microbial 
communities and the association between host genetic and 
microbial activities has significant applications and 
implication in bioscience [5], [6]. 
Early exploration of rumen microbiology was mainly 
dominated by culture-based approaches such as isolation, 
enumeration and nutritional characterization. Pioneering 
studies include the description of well characterized rumen 
bacteria based on the isolation of the functionally significant 
bacterial groups [8], [9]. While successfully identifying more 
than 200 microbial species including bacteria and protozoa 
from the rumen [1], [7], culture-dependent techniques 
requiring a careful design of protocol for growth of organism 
exhibit several significant limitations [10]. They are not only 
time consuming and cumbersome [7] but more importantly, 
culture-based studies are usually unable to reveal the full 
extent of microbial diversity due to the nature of protocol 
design and the setting of culture conditions [10], [11]. 
 Advances in next-generation sequencing (NGS) have 
opened up new avenues in microbial ecology studies. 
Metagenomics, defined as the direct genetic analysis of DNA 
from microbial communities sampled in their specific 
environment without prior need for culturing, is further 
shaping microbiology [12], [13]. Recent years have seen a 
growing trend toward using metagenomics based approaches 
for the analysis of the composition of rumen microbial 
community. Based on 742 samples from 32 animal species 
and 35 countries, Henderson et al. [6] investigated whether the 
microbial community composition was influenced by diet, 
host species, or geography. It has been found that the 
composition of rumen microbial community varies with diet 
and host, but similar bacteria and archaea dominated in nearly 
all samples. Based on the simultaneous exploration of rumen 
microbiota and the metabolic phenotype, the study carried out 
by Morgavi et al. [4] brought new insights on the interactions 
between microbial populations and the association with the 
host. To characterize biomass-degrading genes and genomes, 
Hess et al. [14] analyzed 268 gigabases of metagenomic DNA 
from microbes adherent to plant fiber incubated in cow rumen. 
A total of 27,755 candidate genes with a significant match to 
at least one relevant catalytic domain or carbohydrate-binding 
module were identified, greatly expanding our knowledge of 
genes and genomes participating in the degradation of 
cellulosic biomass. 
More recently, based on the relative abundance of 1570 
microbial genes identified in a metagenomics analysis, Roehe 
and his colleagues [5] developed new selection criteria to be 
used for predicting methane emissions and other traits such as 
feed conversion efficiency. Using the partial least squares 
analysis, 20 and 49 microbial genes were found to be 
associated with methane emissions and feed conversion 
efficiency in cattle respectively. Furthermore, functional 
clusters of microbial genes were identified based on the 
analysis of the co-abundance network in which the correlation 
threshold was manually set to 0.9. 
This study aims to study the rumen microbial community 
in cattle through the integration of metagenomic and network-
based approaches. One of the main objectives is to develop an 
automatic computational technique to objectively determine 
the correlation threshold used to construct the co-abundance 
network. In this paper section II briefly describes the 
methodology and datasets under study. The detailed 
description of automatic determination and its implementation 
is provided. The results and discussion are presented in 
Section III. The conclusions, together with future research, are 
given in Section IV. 
II. METHODOLOGY 
A. Datasets under study  
The abundance dataset used was released by the recent 
studies conducted at the Beef and Sheep Research Centre of 
Scotland’s Rural College [3], in which a 2 × 2 factorial 
design experiment was performed using two breed types 
(Aberdeen Angus (AA) and Limousin (LIM) rotational 
crosses) and two diets (defined as concentrate (CON) and 
forage (FOR)). Methane emissions of individual animals 
were measured in respiration chambers. A total of 8 extreme 
animals were identified for deep sequencing analysis (4 high 
and 4 low) based on methane emissions balanced for breed 
type (Aberdeen-Angus or Limousin cross) and diet (CON or 
FOR). Sequence data between 8.6 and 14.6 GB per sample 
(between 43.4 and 72.7 million paired reads) were assembled 
de novo. To identify the microbial genes, the genomic reads 
were aligned to the KEGG genes database. In total 3970 
KEGG gene orthologues were identified in rumen contents 
samples, of which 1570 genes showed a relative abundance 
of more than 0.001%. The detailed description of data 
generation can be found in [3]. 
B. RMT-based appraoches 
Random matrix theory (RMT)-based approach to an 
objective determination of the threshold used to construct the 
co-abundance network is based on the following two universal 
predictions associated with statistical properties of the nearest 
neighbor spacing distribution (NNSD) of unfolded 
eigenvalues, i.e. ܲ(ݏ). 
• The NNSD of any random matrix representing 
systems largely composed of noise closely follows 
Gaussian orthogonal ensemble (GOE) statistics [16], 
[18]. Let N represent the order of the matrix, ݁௜ be the 
unfolded eigenvalue and  ݏ௜ = ݁௜ାଵ − ݁௜	(݅ =1, 2,3,⋯ ,ܰ − 1) denote the spacing between 
consecutive eigenvalues after unfolding. It has been 
shown that the distribution can be well described by 
the Wigner surmise [17]. 
• For a non-random matrix in which no correlation 
between nearest-neighbor eigenvalues is observed, the 
NNSD tends to follow the Poisson distribution given 
below, indicating the system represented by the 
matrix can be separated into several relatively 
independent clusters in which members exhibit 
similar behaviours and properties [18], [19]. 
C.  Construction of co-abundance networks 
Based on the recent study which demonstrates that the 
abundance of a suite of microbial genes was highly 
informative for predicting certain traits and the co-abundance 
network exhibits a modular structure, we hypothesized that, 
similar to the study [16], the correlation matrix derived from 
the abundance of microbial genes under different conditions 
can be broken into two parts: the high correlation part 
encoding the correlation of microbial genes specified to the 
changes in conditions and the weak correlation part associated 
with non condition specific correlation between gene 
abundances. In order to construct a network specified to the 
conditions under study, we gradually remove pairs with 
absolute correlation values below the selected cutoff values as 
illustrated in Fig. 1.  
Let ௜݃௞ denote the abundance of microbial gene i in 
sample k. The pair-wise similarity between two microbial 
genes was estimated using Pearson correlation coefficient, 
ܿ( ௜݃, ݃௝) as defined below where ݃௜ is the average abundance 
of gene i over the samples. 
 
ܲ(ݏ) = ߨ2 × ݏ × ݁
(ିగ௦మ ସ)⁄ 	 (1) 
ܲ(ݏ) = ݁ି௦	 (2) 
  It has been highlighted that the transition of NNSD 
between GOE and Poisson statistics can potentially 
serve as a reference point to automatically construct a 
condition-specific correlation network by removing 
random noise in an objective manner [16]. 
ܿ൫݃௜, ݃௝൯ =
∑ (݃௜௞ − ݃௜)(݃௝௞ − ݃௝)௡௞ୀଵ
ඥ∑ (݃௜௞ − ݃௜)ଶ௡௞ୀଵ ට∑ (݃௝௞ − ݃௝)ଶ௡௞ୀଵ
 (3) 
 The eigenvalues were calculated based on the Eq. (4) 
where M is an n by n correlation matrix, λ is an eigenvalue, v 
is the corresponding eigenvector and I is  the n by n identity 
matrix.  
 
D. Evaluation metrics and software packages used 
To check whether the distribution of nearest neighbor 
eigenvalues spacing follows the Poisson statistic as defined 
by Eq. (2), the Chi-square (߯ଶ) goodness-of-fit test was 
applied with the null and alternative hypotheses being as 
follows: 
ܪ଴: ܲ(ݏ) follows the Poisson distribution. 
ܪଵ: ܲ(ݏ) does not follow the Poisson distribution. 
Let ߯ଶ(݂݀, ߙ)	 be the critical value of Chi-square with df 
degrees of freedom at a significant level of α (α is set to 0.01 
in this study). The ܪ଴ will be rejected if the calculated ߯ଶ is 
greater than ߯ଶ(݂݀, ߙ). 
The estimation of the distribution of unfolded eigenvalue 
spacing was implemented using the pipeline of Molecular 
Ecological Network Analysis [20]. The NNSD was plotted 
using the R package RMThreshold (https://cran.r-
project.org/web/packages/RMThreshold/index.html). 
The level of the enrichment of certain trait specific genes 
was quantitatively expressed by the hypergeometric 
distribution probability calculated as follows. 
where K is the number of genes that fall into a module, k is the 
number of trait-specific genes in the module, N is the total 
number of genes included in the network and n is the number 
of genes associated with a trait found in the network. 
 The computation of topological parameters was with the 
NetworkAnalyzer [21] and CentiScaPe [22] plugins. The 
construction of co-abundance network and interaction 
visualization of networks were achieved using 
ExpressionCorrelation plugin available at 
http://www.baderlab.org/Software/ExpressionCorrelation and 
Cytoscape 3.3 [23] respectively. 
 
III. RESULTS AND DISCUSSION 
A. The impact of the threshold 
As shown in Fig. 2, the selection of the cutoff value has 
significant impact on the NNSD derived from the co-
abundance matrix. As expected, the NNSD clearly follows 
the GOE distribution when no threshold was applied (Fig. 
2(a)), suggesting that the correlation matrix directly derived 
from the abundance data failed to distinguish condition 
specific relationship embedded in the correlation matrix from 
random noise. As the threshold increases, the clear transition 
of the NNSD from GOE to Poisson was observed (Fig. 2(b) 
to Fig. 2(d)). As depicted in Fig. 2(c), the NNSD began to 
deviate from GOE at the threshold of 0.95. It appears to 
closely follows the Poisson distribution when the threshold 
set to 0.99 (Fig. 2(d)). This was indeed the case when we 
applied the Chi-square goodness of fit test, in which the null 
hypothesis that the data are governed by a Poisson statistic 
was accepted (߯ଶ = 82.535, ݌ = 0.028). Thus, the clear 
transition from GOE to Poisson statistics at the threshold of 
0.99 was used as a reference point to construct the co-
abundance network in which condition specific relationships 
encoded in the correlation matrix can be better represented. 
B. Co-abundance network 
The network analysis of microbial gene abundance was 
illustrated in Fig. 3, in which each node stands for a microbial 
gene and the strength of each edge denotes the correlation in 
their abundance. Only the correlation across 8 samples 
greater than 0.99 was kept. The network including 549 genes 
and 3349 links shows a clear modular structure with the 
largest component (Module A) having 237 nodes and 2860 
edges. The topological parameters of the top 3 largest 
components, i.e. Modules A, B, and C, are shown in Table I, 
each having a clustering coefficient significantly greater than 
a random graph constructed on the same number of nodes. 
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Fig. 1 A diagram to illustrate the key steps to construct the co-
abundance network. 
  
Fig. 2 The NNSD of the correlation matrix constructed from the 
abundance of 1570 microbial genes across 8 samples with different 
thresholds: (a) threshold = 0.0; (b) threshold = 0.90; (c) threshold = 
0.95; and (d) threshold = 0.99. 
 
TABLE I THE TOPOLOGICAL FEATURES OF TOP 3 LARGEST MODULES, 
I.E. MODULES, A, B, AND C. CPL: CHARACTERISTICS PATH LENGTH 
 
Parameters Module A Module B Module C 
Number of nodes 237 91 41 
Number of edges 2860 219 77 
Network diameter 11 14 13 
Network radius 6 7 7 
Network density 0.102 0.053 0.094 
Clustering coefficient 0.621 0.469 0.392 
CPL 3.671 4.888 4.449 
Network centralization 0.158 0.082 0.138 
Network heterogeneity 0.736 0.531 0.163 
 
 
C. Biological relevance 
We first checked the involvement of KEGG pathways in 
each module. A total of 86, 45, and 23 pathways were found 
to be involved by microbial genes in Modules A, B, C 
respectively. As expected, the largest portion of genes in each 
module are involved in KEGG metabolic pathway (ko01100). 
A close look at the abundance profile of genes across 8 
samples as depicted in Fig. 3 suggests that Module B be 
heavily linked to methane emissions. The high level of 
abundance was observed in the samples in the high methane 
emission group (2019N002, 2019N004, 2019N006, and 
2019N008). Thirty out of 91 genes in Module B are involved 
in methane metabolism pathway. 
An analysis with regard to the distribution of microbial 
genes strongly associated with traits such as methane 
emissions and feed conversion efficiency indicates that 
certain trait-specific genes are highly over-represented in 
modules. For example, all the 20 genes identified to be 
associated with methane emissions by Roehe et al. [3] 
represented by red triangle nodes in Fig. 3 are found in 
Module  B (hypergeometric test, p < 10-11). A total of 15 
genes linked to feed conversion efficiency (green diamond 
nodes in Fig.3) are found in the network, 9 of which are 
assigned to Module C (hypergeometric test, p < 10-6). It is 
worth noting that the extreme animals selected in the data 
collection were based on methane emission, therefore the 
power to detect microbial genes associated with methane are 
substantially higher than those associated with feed 
efficiency. 
 
Fig. 3 Network-based approach to the correlation analysis of microbial gene abundance. The threshold used to construct the co-abundance 
network was set to 0.99. The network, in which each node represents a microbial gene and each edge indicates the correlation in their 
abundance, exhibits a clear modular structure. The average abundance of genes in top 3 largest modules, i.e. Modules A, B, and C, across 8 
samples were shown. The whole network constructed is shown at the bottom right. The red triangle nodes denote genes associated with methane 
emissions while green diamond nodes are microbial genes linked to feed conversion efficiency. 
The further examination of abundance profiles of 35 
genes grouped in the sub-region in Fig. 3 support the above 
observation, which illustrates the relative. It has been shown 
that all the genes have a low level of abundance in the 
samples assigned to the low methane emission group. 
Unexpectedly, among these 35 genes, K00400 involved in 
Methane metabolism pathway (ko00680) is ranked at the top 
in terms of all 5 centrality metrics used (degree: 5; closeness: 
0.0029; betweenness: 2005.81; eigenVector: 0.050; and 
bridging centrality: 160.36). 
 
IV. CONCLUSIONS 
Being capable of revealing the full extent of microbial 
diversity, recent years have seen a growing trend toward 
metagenomics-based approaches to study the composition of 
rumen microbial community and the association between host 
genetic and microbial activities. This study investigated the 
rumen microbial community in cattle through the integration 
of metagenomic and network-based approaches. Based on the 
relative abundance of 1570 microbial genes identified in a 
metagenomics analysis, the co-abundance network was 
constructed and functional modules of microbial genes were 
identified. One of the main contribution in this study is to 
develop a RMT-based approach to automatically determine 
the correlation threshold used to construct the co-abundance 
network. It has been shown that the network exhibits a highly 
modular structure with each module well separated. The 
involvement of KEGG pathways in each module was 
analysed and compared. A close look at the abundance 
profiles highlights that two modules i.e. Modules B and C are 
strongly associated with methane emissions and feed 
conversion efficiency respectively (hypergeometric test, p < 
10-6). 
This study contributes to the development of automated 
computational methods to supporting the identification of 
functional modules of microbial genes through integration of 
metagenomics and network-based approaches. Given that the 
association between microbial genes can be realized via 
different mechanisms, we are now working toward a 
multiplex network-based approach to the analysis of the 
composition of rumen microbial community [26], [27]. 
This research has been undertaken as part of the European 
Commission (EC) funded MetaPlat project 
(www.metaplat.eu). The EC increasingly requests that funded 
projects follow specific data management regulations, to 
optimize sharing of research results and its later validation 
through proper reproducibility. In essence, sharing and later 
validation is enforced from the EC, because research 
undertakings are expensive and the return on investment 
needs to be secured by research purchasers through proper 
management of the knowledge that is required for long term 
research reuse. As such, we are now working on OAIS 
(Reference Model for an Open Archival Information Systems, 
([28], ISO 14721) to build a framework of terms and concepts 
to specify an archival information system, aiming to build a 
platform-neutral instrument to preserve and share digital 
objects in the long term. Within OAIS so called Information 
Packages (IP) is used to describe the relation of applied 
research data, beside the knowledge required to enable its 
later comprehensive reuse. In terms of OAIS this is classified 
as Content Information and Preservation Description 
Information. 
Our hypothesis is that enabling extensive reproducibility 
for long term reusability is fundamentally dependent on the 
substantial and consistent representation of all information 
that came into existence along the phases of the introduced 
information lifecycle. We argue that the OAIS Information 
Model, could act here as an abstract specification of the 
structure and the constituting components of a metagenomics 
research, that could be refined by means of further introduced 
community specific standards. Hence, we will, in the course 
of the project runtime, elaborate on the comprehensive 
representation, integration and validation of introduced 
standards into the OAIS information Model by means of 
technologies in the context of the Semantic Web. 
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